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An attempt has been made to define the extent to which metabolic flux in central plant
metabolism is reflected by changes in the transcriptome and metabolome, based on
an analysis of in vitro cultured immature embryos of two oilseed rape (Brassica napus)
accessions which contrast for seed lipid accumulation. Metabolic flux analysis (MFA) was
used to constrain a flux balance metabolic model which included 671 biochemical and
transport reactions within the central metabolism. This highly confident flux information
was eventually used for comparative analysis of flux vs. transcript (metabolite). Metabolite
profiling succeeded in identifying 79 intermediates within the central metabolism, some
of which differed quantitatively between the two accessions and displayed a significant
shift corresponding to flux. An RNA-Seq based transcriptome analysis revealed a large
number of genes which were differentially transcribed in the two accessions, including
some enzymes/proteins active in major metabolic pathways. With a few exceptions,
differential activity in the major pathways (glycolysis, TCA cycle, amino acid, and fatty acid
synthesis) was not reflected in contrasting abundances of the relevant transcripts. The
conclusion was that transcript abundance on its own cannot be used to infer metabolic
activity/fluxes in central plant metabolism. This limitation needs to be borne in mind in
evaluating transcriptome data and designing metabolic engineering experiments.
Keywords: Brassica napus, 13C-metabolic flux analysis, flux balance analysis, central metabolism, targeted
metabolite profiling, lipid biosynthesis, oilseeds
INTRODUCTION
Gaining an understanding of metabolism is a central goal of biol-
ogy, as it defines the growth and development of an organism.
In the ‘omics era, cell processes can be described at the level of
the transcriptome, the proteome or the metabolome, or possi-
bly combinations thereof. Although none of these approaches
actually measure metabolic activity, the data obtained can be
used to make indirect inferences. The direct determination of
metabolic flux would be highly desirable, as it represents a highly
informative aspect of the metabolic phenotype (Schwender, 2008;
Sweetlove et al., 2014). Metabolic flux analysis (MFA), which
at present relies on the tracking of isotopically labeled material
within a target metabolic network, has produced some unique
insights into plant metabolism and its regulation (Rontein et al.,
2002; Schwender et al., 2004; Spielbauer et al., 2006; Alonso et al.,
2007; Williams et al., 2010; Allen and Young, 2013; Masakapalli
et al., 2014). The approach is, however, too technically challenging
for it to currently enjoy widespread use.
The ideal route to understanding metabolic phenotypes is to
take a combined ‘omics approach, but for the most part this
remains an aspirational rather than a realistic strategy. Instead,
the common analytical basis for understanding metabolic activity
is through the acquisition of enormous volumes of transcription
data generated from microarrays and high throughput sequenc-
ing. An important question is therefore the extent to which the
transcriptome does in fact reflect metabolic activity. In other
words: is mRNA abundance at all relevant for flux control in
central plant metabolism? Or, is it may be wise to restrict the
use of transcriptomic data to the definition of metabolic capa-
bility, which may be developmental stage- and/or tissue-specific
(Belmonte et al., 2013). The literature provides numerous exam-
ples of discordance between transcript, protein and metabolite
abundance (Piques et al., 2009; Marmagne et al., 2010; Bourgis
et al., 2011; Baerenfaller et al., 2012; Fernie and Stitt, 2012;
Walley et al., 2013). A direct, large-scale comparison of relevant
transcript abundance (encoding specific enzymes and metabolite
transporters) with metabolic fluxes has yet to be made, especially
in a plant system where this depth of information is currently not
available.
Similar considerations apply to the outcome of proteomic or
metabolomic studies. The proteome may define the enzymatic
machinery, but it does not easily factor in the various post-
translational modifications which are known to exert a major
influence over the biological activity of many proteins (Oliveira
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et al., 2012). For example, most glycolytic and tricarboxylic acid
cycle enzymes, as well as many metabolite translocators present
in the seed, are phosphorylated and/or acetylated (Finkemeier
et al., 2011; Meyer et al., 2012; Walley et al., 2013). The
metabolome presents a better picture of themetabolic phenotype,
but can only inform regarding steady state metabolite levels. At
steady state, the fluxes of delivery and withdrawal are identical,
and the metabolite level depends on thermodynamic equilib-
ria/kinetic properties of the enzyme. Thus, metabolite abun-
dance on its own is an insufficient basis for inferring metabolic
activity.
The aim of the current study was to attempt to relate tran-
script abundance with metabolic flux on a genome-wide scale,
with a view to assessing its relevance for understanding the central
metabolism of a crop seed. The plant model employed was the
developing embryo of oilseed rape (Brassica napus), an impor-
tant temperate oilseed crop, and a close relative of the model
plant Arabidopsis thaliana. Our data demonstrated a disconnect
between transcript abundance and the corresponding metabolic
flux. The seemingly low contribution of transcriptional regula-
tion over metabolic flux control and the biological significance of
this finding are discussed.
MATERIALS AND METHODS
PLANT GROWTH AND IN VITRO CULTURE
Plants of oilseed rape accessions 3170 and 3231 (both maintained
by the IPK Genebank) were grown under conditions of 18◦C, a
16 h photoperiod (400μmol quanta m−2 s−1) and 60% relative
humidity. Intact embryos were isolated 20 days post flowering
and maintained for 10 days under 50μmol quanta m−2 s−1 at
20◦C in a liquid culture containing a source of organic carbon
and nitrogen, as described by Schwender et al. (2006). Three inde-
pendent batches of embryos were sampled from each accession.
Following their in vitro culture, the embryos were snap-frozen,
freeze-dried, weighed and pulverized. Note that the same system
was used by Hay et al. (in press) in a companion paper to describe
flux distribution and pathway usage in the central metabolism.
NUCLEAR MAGNETIC RESONANCE BASED-IMAGING OF LIPID
DISTRIBUTION
The MRI data were acquired on a 11.7 tesla AMX instrument
(Bruker GmbH, Rheinstetten, Germany) using an absolute quan-
tification method (Neuberger et al., 2009). In brief, the mature
seeds of both accessions were placed into an NMR-glass tube
and inserted into a home built 5-mm Helmholtz coil. A stan-
dard multi-slice multi-echo spin echo sequence with a CHESS
suppression module on the water resonance was applied to
acquire high-resolution lipid images of the seed. Furthermore,
the bandwidths of the excitation and refocusing pulses were set
to 2000Hz and a global excitation was used in order to acquire
lipid signal only. Before the imaging sequence, a T1 measure-
ment of the lipid containing seeds was conducted to determine
the repetition time (TR) necessary to avoid for T1 correction
during the quantification process. As a result of this measure-
ment (T1 ∼500ms; data not shown), the TR was chosen to be
at least ∼5∗T1. Resolution of up to 39μm isotropic could be
achieved after 2 averages, 12 echoes, 1 repetition (TR 2500ms;
TE 7.5ms) and total experimental time 5 h 40min. To calculate
the volumes of the different seed organs, the MRI-dataset was
imported into the software AMIRA (Mercury Inc.) and image seg-
mentation was conducted. The average signal in each of embryo
organs was calculated as previously described (Borisjuk et al.,
2013a).
METABOLITE AND FATTY ACID ANALYSIS
Metabolic intermediates were extracted and measured by liquid
chromatography coupled to mass spectrometry as detailed in the
companion paper (Hay et al., in press). The identity of the var-
ious compounds was verified by comparison of their mass and
retention time with those of authenticated standards. External
calibration was applied for all compounds using these standards.
Fatty acid composition was assessed by gas chromatography,
following Borisjuk et al. (2013a).
FLUX ANALYSIS AND METABOLIC MODELING
Experimental details and the analysis of data related to MFA and
flux variability analysis are detailed in the accompanying paper
by Hay et al. (in press). In short, 13C- MFA was used to determine
the flux distribution in central metabolism of the two rapeseed
accessions. The flux information was transferred by flux ratio
constraints into a large scale metabolic model, bna572+. By Flux
Variability Analysis flux bounds were predicted for the 671 reac-
tions in the network, confining the feasible optimal flux space
for each of the two accessions. Since developing embryos dif-
fered mainly in lipid and starch content (lipid higher in 3170,
starch higher in 3231), we designated a reaction “T” (triacylglyc-
erol, TAG responsive) if the flux magnitude is higher in accession
3170, “S” (starch responsive) if the flux magnitude is higher in
3231, and “N” if a flux is unchanged. For a difference to be
judged as a change the numerical tolerance was 10−7 μmol/h.
bna572+ is referenced to the Arabidopsis genome, i.e., reac-
tions have associations with Arabidopsis gene identifiers (Gene-
Protein-Reaction associations). As the B. napus transcriptome
was annotated by sequence homology to Arabidopsis, differences
in transcript abundance between the two accessions could be
compared to differences in flux based on the common Arabidopsis
reference.
METHODS FOR TRANSCRIPTOME ANALYSIS
RNA extraction and RNA-sequencing
The total RNA from the B. napus embryos was isolated using
the Spectrum Plant Total RNA kit (Sigma) according to the
manufacturer’s protocol. The samples for transcriptome analysis
were prepared using an Illumina kit following the manufacturer’s
instructions. Briefly, beads with Oligo(dT) were used to isolate
poly(A) mRNA from the total RNA. Fragmentation buffer was
added in order to convert mRNA into short fragments. Taking
these short fragments as templates, random hexamer-priming
was used to synthesize the first-strand cDNA. The second-strand
cDNA was synthesized using buffer, dNTPs, RNaseH, and DNA
polymerase I. Short fragments were purified with the QiaQuick
PCR extraction kit and resolved with EB buffer for end repair
and for addition of poly(A). Subsequently, the short fragments
were connected with sequencing adapters. Following agarose
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gel electrophoresis, the suitable fragment fraction was selected
for PCR amplification. Finally, the library was sequenced using
Illumina HiSeq™ 2000 (100bp, paired-end).
Transcription estimation
We assembled a draft transcriptome-wide collection of 222,331
(average length 1452 bp) putative cDNA sequences by aligning
RNA-seq reads to the genome references of diploid progenitors
Brassica rapa and Brassica oleracea using the splice-aware aligner
TopHat (v2.0.8b) (Trapnell et al., 2009) and subsequently apply-
ing the Cufflinks (v 2.0.2) reference annotation based transcript
assembly (Roberts et al., 2011). Reads that did not align to the
reference genomes were assembled separately using Trinity (trin-
ityrnaseqr20130814) (Grabherr et al., 2011). Gene expression
estimation was subsequently done by using RSEM (Li and Dewey,
2011) which deconvolutes expression coming from very similar
sequences such as homeologs. Expression estimates from splicing
isoforms were summarized to a gene-level transcripts per million
and inferred gene-specific read counts.
Differential transcription
The estimateSizeFactors and estimateDispersions functions in the
DESeq package v1.12.1 (www.bioconductor.org) using default
parameters were run for the normalization of the RNA-seq
read count data. The negative binomial test implemented in
DESeq was used to assess differential expression between the
two genotypes. Variance stabilizing transformation (varianceSta-
bilizingTransformation function in the vsn package v3.28.0 was
performed on the normalized expression estimates.
Gene ontology (GO) analysis
To assign each putative differentially transcribed gene (DTG)
to a particular functional category, GO annotations were
retrieved from TAIR (https://www.arabidopsis.org/) using the
org.At.tair.db v2.9.0 package (www.bioconductor.org). A Fisher
exact test, as implemented in topGO v2.12.0 (www.bioconductor.
org), was employed to test for the significance of category enrich-
ment (Alexa et al., 2006). The “elim” algorithm, which de-
correlates the GO graph topology by iteratively removing genes
mapped to significant GO terms from more general GO terms,
was used to increase interpretability of the results. Correction for
multiple testing was done using the Benjamini and Hochberg cor-
rection implemented in the R function p.adjust (Benjamini and
Hochberg, 1995).
Quantitative RT-PCR (qPCR)
A 2μg aliquot of total RNA extracted from the embryo
material was converted to single stranded cDNA using a
RevertAid First Strand cDNA Synthesis kit (ThermoScientific,
Germany). A 100 ng template of this cDNA provided the tem-
plate for a qPCR based on the SYBR® Green PCR Master Mix
(Invitrogen, Germany). The necessary primers, designed with
Primer3 software (http://primer3.ut.ee) to generate an ampli-
con size of 150–200 bp, targeted mainly the 3′-UTR of the
selected genes (three pairs of primers per gene). The speci-
ficity and amplification efficiency of each primer pair was
checked by means of running standard curves with melting
curves. Each assay comprised three biological replicates, each
of which was repeated three times. Relative transcript abun-
dances were estimated using the 2-Ct method (Livak and
Schmittgen, 2001). The chosen reference sequence for normal-
ization purposes was the housekeeping gene ubiquitin carrier
protein 9 (UBC9). Means were statistically compared using the
Students’ t-test. Primer sequences used in qPCR are listed in
Supplementary Table 1.
Data repository
RNASeq data derived from this study (accession SRP047515),
including all project and biosample data were made publicly
available under the following links:
http://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA262144
http://www.ncbi.nlm.nih.gov/biosample/?term=SRS709415
http://www.ncbi.nlm.nih.gov/biosample/?term=SRS717382.
DATA VISUALIZATION USING MAPMAN AND VANTED SOFTWARE
The MapMan visualization tool (http://mapman.gabipd.org) was
used for the functional characterization of DTGs. The thresh-
old for significance was set to 0.01 with a minimum log2 (fold
change) of 2. Differentially expressed transcripts that exhibited
similarity to annotated A. thaliana genes, but showed a different
trend in expression level were sorted out for further analysis with
MapMan software.
The VANTED framework (Rohn et al., 2012) was used to
visualize the conformance between flux and transcript data. The
latter comprised the log2 (fold change) in transcript abundance
between accessions 3231 and 3170. Transcripts were selected on
the bases that their differential transcription was associated with
a p-value of < 0.01, showing a significant change in transcript
abundance, and were associated with bna572+ stoichiometric
model reactions which showed a flux responsiveness for triacyl-
glycerols (TAGs) as the major class of storage lipid. The flux data
consist of flux variability bounds, calculated using the extended
bna572+ stoichiometric model (for details, see the Hay et al.,
in press). To be considered as a change in flux, the threshold for
the absolute flux response value was set to 10−7 μmol h−1. In
addition, the only fluxes considered were those associated with
a flux change for oil responsiveness. To show a change in flux,
the slopes of the minimum and maximum flux of both acces-
sions were estimated. Absolute values were used as the interest
was exclusively in changes of the net flux. A mean value was then
calculated from the two slope values; a positive net flux difference
between the two accessions indicated an increase and a negative
one a decrease in flux. This value is called flux-change-value. In
order to indicate congruent changes in both transcript and flux
for each reaction, a simple transformation was performed, which
assigned a value of +1 where the change was congruent but −1
where it was not. A congruent change is defined as the situa-
tion where both transcript abundance (log2 fold change) and
flux-change-value are positive in accession 3170 vs. 3231 or vice
versa. VANTED was used to create a simple hierarchical map
of the bna572+ model (Hay et al., in press), where reactions
were grouped according to their pathway and cellular compart-
ment, along with any transporters connecting compartments.
Each node in this map was identified by a unique model-reaction
identifier.
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RESULTS
EXPERIMENTAL STRATEGY
Based on an initial screen to identify rapeseed accessions
which contrasted with respect to their seed composition
(http://documents.plant.wur.nl/cgn/pgr/brasedb/), we selected
two accessions: 3170 accumulated more lipid but slightly less dry
matter in its mature seed than 3231 (Figures 1A,B). The com-
position of fatty acids in their mature seed was almost identical
(Figure 1C). By applying magnetic resonance imaging (MRI) we
analyzed embryo structure and spatial oil accumulation pattern
in mature seeds. Lipid distribution is given in Figures 1E,F and as
three-dimensional models (Supplementary Video 1). Our analy-
sis revealed that the lipid fraction elevated in accession 3170 vs.
3231 was due to rising concentrations throughout the embryo.
Calculations based on the MRI data suggested that the rela-
tive contribution to both seed volume and total stored lipid of
the radicula (=hypocotyl), inner and outer cotyledon was very
similar for the two accessions (Figure 1G). Thus, the difference
in lipid content between the accessions was likely related to an
altered carbon partitioning rather than any structural/organ-
specific effects (Borisjuk et al., 2013a).
For further work we used cultivated embryos, grown under
standardized in vitro conditions (Schwender et al., 2006), as
only this approach allows the application of 13C-MFA. In
addition, we used the cultivated embryo material for targeted
metabolomics (LC/MS) and genome wide transcript profiling
(RNA-sequencing). As detailed in the Hay et al. (in press), the
MFA was informative for 79 metabolic reactions with the central
metabolism, and allowed the elaboration of a genome refer-
enced flux balance metabolic model bna572+ which included
671 biochemical and transport reactions. This information was
eventually used for comparative analysis of transcript vs. flux
to answer one central question: What can transcriptomics (and
metabolomics) tell us about metabolic phenotypes?
STEADY STATE METABOLITE LEVELS
The use of the liquid chromatography/mass spectrometry plat-
form enabled the quantification of 79 metabolite interme-
diates present in the embryo central metabolism (listed in
Supplementary Table 2). In both accessions, soluble sugars
(mostly sucrose) represented the major fraction (on a mol g−1
dry weight basis), followed by organic acids and free amino acids
(Figures 2A,B). Glycolytic intermediates, nucleotides, cofactors,
redox-related intermediates (glutathione, ascorbate), along with a
few other possible signaling compounds, represented only ∼10%
of the total metabolite pool. The two accessions had quite dis-
tinct metabolic profiles (Figure 2C). High-oil accession 3170
revealed a marked increase in the content of hexose phosphates
and some glycolytic intermediates. With respect to each of the
three redox couples (reduced/oxidized glutathione [GSH/GSSG],
NADH/NAD and NADPH/NADP), the oxidized intermediate
was more abundant in accession 3170 than in 3231. Differences
were also noted for the abundance of the nucleotides AMP, UMP,
and CMP (as well as for their di- and tri-phosphates), indicat-
ing a shift in energy metabolism. Most of the common organic
acids (malate, citrate, isocitrate, cis-/trans-aconitate and oxoglu-
tarate) were more abundant in high-oil accession, while succinate
FIGURE 1 | The seed of oilseed rape accessions 3170 and 3231. (A) Seed
weight, (B) total lipid content (expressed as % of dry weight), (C) individual
fatty acid profile (expressed as % of total fatty acids). (D) A cross-sectional
MRI-based image showing the hypocotyl [H], the outer cotyledon [O] and
the inner cotyledon [I]. MRI-based imaging of lipid distribution in the mature
seed of accessions (E) 3170 and (F) 3231. Rainbow color scale indicates
relative lipid concentration for images in (E,F). (G) The relative contribution
to both embryo volume and total stored lipid of the radicula, inner and outer
cotyledon; calculation was based on MRI data. Bars in (A,B) represent the
mean of 10 samples of four seeds. +/− indicates the standard deviation of
the mean. The star (∗) indicates statistical significance (t-test, p < 0.05).
and fumarate were less well represented. This pattern suggested
inter-accession differences in the activity of the tricarboxylic acid
(TCA) cycle or in some of its individual steps. The levels of all
of the highly abundant sugars (sucrose, hexoses) and free amino
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FIGURE 2 | Metabolites produced by in vitro cultured embryos of two
oilseed rape accessions. (A,B) The relative pool sizes across all metabolites
in accession (A) 3170 and (B) 3231. (C) Steady state metabolite levels of the
high lipid accumulator accession 3170 (black bar) and the low lipid accumulator
accession 3231 (gray bar), as measured by liquid chromatography/mass
spectrometry. The standard error was calculated from measurements taken
from five technical replicates per each of three biological replicates. Asterisks
indicate means differing significantly (p < 0.05, t-test) between accessions.
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acids (Ala, Gln, Glu, Asn, Pro) were indistinguishable between the
accessions.
METABOLITE ABUNDANCE IN RELATION TO METABOLIC FLUX
In order to compare metabolite profiles with net flux rates
(the latter taken from the Hay et al., in press, and listed in
Supplementary Table 3), metabolite levels were pooled where
the relevant reactions had been combined to form a single flux
value; for example, the hexose phosphates represented an aggre-
gate of glucose-6P, glucose-1P, fructose-6P, and fructose-1,6-diP.
Note that for some of the reactions, the flux analysis was able
to distinguish cellular compartment-specific branches (e.g., plas-
tidial vs. cytosolic glycolysis), but the metabolite analysis was
unable tomake this distinction. Since there is absolutely no expec-
tation that the subcellular concentration of a metabolite will be
the same, we did not attempt to apply statistical (correlation)
tests, but rather looked if some significant differences in net flux
(13C-MFA dataset) between the accessions were accompanied by
obvious shifts in the corresponding intermediates. The outcome
of the combined analysis is presented in Figure 3. Less than half
of reactions for which significant differences in flux between the
accessions were identified also displayed a significant shift in the
FIGURE 3 | Combined flux map and significant changes in metabolite
steady state levels within primary metabolism. A flux distribution map of
glycolysis, the TCA cycle and amino acid synthesis for accession 3231.
Arrows indicate flux and the asterisks indicate metabolite levels. Significant
higher (lower) values in accession 3170 are marked in blue (red). The
thickness of each arrow corresponds to the flux value. Gray arrows denote
high statistical uncertainty in flux. The flux map was taken from the
companion paper by Hay et al. (in press).
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concentration of either the relevant substrate or reaction prod-
uct. For example, the conversion of ADP-glucose to starch was
higher in low-oil accession 3231, and ADP-glucose was depleted.
The high-oil accession exhibited a higher flux in the phospho-
rylation of hexose, which corresponded to the accumulation of
hexose phosphates. While the glycolytic flux of triose-P [TP] to
P-glycerate [PGA] did not differ among accessions, we detected
a significant difference of substrate TP. Further downstream in
glycolysis, differences in flux induced no detectable differences in
metabolite intermediate levels. The fluxes associated with a num-
ber of reactions linked to the TCA cycle were enhanced in high-oil
accession, matched by a higher content of most of the TCA cycle
intermediates (except succinate). Flux associated with the syn-
thesis of storage lipids (the trait which distinguished the two
accessions) was, however, not reflected in the size of the acetyl-
CoA pool. Consistent with the lack of any significant difference
between the accessions with respect to the level of amino acids
present, the flux model did not feature any major difference in
the synthesis of storage proteins.
TRANSCRIPTOME COMPARISON
To obtain a global transcriptomic map of cultured embryos, we
applied RNA-sequencing (RNA-Seq) to the two rapeseed acces-
sions (three biological replicates each); the dataset is listed in
Supplementary Table 4A. The qPCR validiation of the RNA-Seq-
based identification of differentially transcribed genes (DTGs)
featured eight transcripts. Although the estimates of transcript
abundance derived from the two analytical platforms were not
fully concordant, the direction of differential transcription was
confirmed in each case (Supplementary Figure 1A) and the cor-
relation coefficient between the two estimates across all eight
genes was 0.96.
Based on the definition of differential gene expression
(padj<0.01 and more than 2-fold change; see Materials and
Methods), the RNA-Seq data suggested that 2156 transcripts were
more abundant in accession 3170 than in 3231 (up-regulated
DTGs), while 1958 were less abundant (down-regulated DTGs)
(Supplementary Table 3A). The DTGs were assignable to a num-
ber of functional GO categories, including some represented
in the major pathways operating in the central metabolism,
such as “glycolysis,” “photorespiration,” “photosynthetic electron
transport” and “gluconeogenesis” (Supplementary Table 4B).
Given that embryos of the two accessions differed mainly in
lipid (higher in 3170) and starch (higher in 3231) content and
in analogy to the flux responsiveness types “T” (TAG respon-
sive, i.e., flux increasing with higher lipid content in 3170)
and “S” (starch responsive, i.e., flux increasing with higher
starch content in 3231), we designated significantly higher tran-
script levels as “T” and “S,” respectively. For further interpre-
tation the genome of the closely related model plant species
Arabidopsis thaliana was used as a reference. All transcript con-
tigs were annotated against the Arabidopsis proteome based
on sequence similarity (highest BLASTX score, E-value cut-
off < 10−10). Supplementary Table 3A lists information aggre-
gated from 89315 transcripts into 19087 Arabidopsis associated
gene identifiers. Arabidopsis related MapMan ontology is also
shown (Thimm et al., 2004; TAIR10 based ontology). Table 1
summarizes statistics on transcript-, gene- and reaction level
significance in differential expression. In average, each gene ID
was associated with 4.7 B. napus transcripts. The transcript-
level significance calls were integrated in a most stringent way,
by defining conflicting calls on the transcript level as altogether
non-significant on the gene level. This way, there were 1064
gene level “T” calls and 911 “S” calls (Table 1). Furthermore,
the normalized transcript read counts were summed on the gene
level for both accessions (Supplementary Table 3A). For 847 of
gene-level “T” calls, the summed expression was higher in high-
oil accession, i.e., significance calls and the ratio of summed
read counts agreed. In similar, for 717 gene-level “S” calls there
was agreement with the ratio of summed expression values
(Supplementary Table 3A).
Next, we used the MapMan ontology for Arabidopsis genes
(Thimm et al., 2004) to classify the gene-level DE calls (Table 2).
For most functional MapMan categories there where similar
numbers of gene-level “T” and “S” calls, i.e., unambiguous up-
or down regulation might occur in sub-BINS but is not resolved.
A few categories for which the “S” and “T” calls differed by
more than two-fold are highlighted in Table 2. Predominantly
up-regulated in the high oil accession (“T”) are photosynthesis
(PS), mitochondrial electron transport/ATP synthesis, and redox
related genes (Table 2). Predominant up-regulation in acces-
sion 3231 (“S”) was found in the categories cell wall, major
Table 1 | Statistics of differential transcription calls (padj < 0.01 and
more than 2-fold change) and aggregation of transcript level
significance calls into genes (annotation by Arabidopsis genes) and
reactions.
DIFFERENTIAL EXPRESSION IN B. NAPUS TRANSCRIPTS
(3170 vs. 3231)
Number of transcripts annotated by homology to
Arabidopsis genes
89315
Number of associated Arabidopsis gene identifiers 19087
Average number of transcripts per Arabidopsis gene
identifier
4.7
Number of transcripts with significantly higher expression
in 3170 (“T”)
2165
Number of transcripts with significantly higher expression
in 3231 (“S”)
1958
AGGREGATED GENE-LEVEL SIGNIFICANCE
Transcript level calls unambiguously combine to “T” 1064
+ ratio of summed expression values is higher in 3170 847
Transcript level calls unambiguously combine to “S” 911
+ ratio of summed expression values is higher in 3231 717
AGGREGATED REACTION-LEVEL SIGNIFICANCE
Number of bna572+ associated genes for which
expression was found
860
Reaction level calls unambiguously combine to “T” 45
+ flux higher in 3170 23
Reaction level calls unambiguously combine to “S” 82
+ flux higher in 3231 4
See also Supplementary Tables 3A,B. “T”: up-regulated in accession 3170,
“S”: up-regulated in accession 3231.
www.frontiersin.org November 2014 | Volume 5 | Article 668 | 7
Schwender et al. What transcriptomics can tell?
Table 2 | Gene ontology for genes with differential transcript abundance.
BIN code “S” “T” “T”/”S”* MapMan classification
35 197 232 1.18 Not assigned, no ontology/unknown*
29 114 142 1.25 Protein, aa activation/synthesis/targeting/postranslational
modification/degradation/folding/glycosylation/assembly and cofactor ligation
27 77 91 1.18 RNA, processing/transcription/regulation of transcription/RNA binding/
26 31 37 1.19 Misc
34 30 37 1.23 Transport, p- and v-ATPases/metal/peptides and oligopeptides/unspecified cations/potassium/ABC
transporters and multidrug resistance systems/unspecified anions/Major Intrinsic
Proteins/sugars/porins/cyclic nucleotide or calcium regulated channels/amino acids/H+ transporting
pyrophosphatase/ammonium/sulfate/metabolite transporters at the envelope membrane/metabolite
transporters at the mitochondrial membrane/misc
20 31 35 1.13 Stress, biotic/abiotic
30 27 37 1.37 Signaling, in sugar and nutrient physiology/light/receptor kinase/calcium/phosphinositides/G-proteins/MAP
kinases/14-3-3 proteins/misc/lipis/
31 30 25 0.83 Cell, organization/division/cycle/vesicle transport
28 31 19 0.61 DNA, synthesis/repair/unspecified
1 9 29 3.22 PS, lightreaction/photorespiration/calvin cycle
33 16 22 1.38 Development, storage proteins/late embryogenesis abundant/squamosa promoter binding like
(SPL)/unspecified
11 15 18 1.20 Lipid metabolism, FA synthesis and FA elongation/glycolipid synthesis/FA desaturation/Phospholipid
synthesis/TAG synthesis/lipid transfer proteins/unassigned/exotcs/lipid degradation
13 13 19 1.46 Amino acid metabolism, synthesis/degradation
10 22 7 0.32 Cell wall, cellulose synthesis/hemicellulose synthesis/call wall
proteins/degradation/modification/pectin esterases
16 10 19 1.90 Secondary metabolism, isoprenoids/phenylpropanoids/N misc.alkaloid-like/sulfur-containing/flavonoids
17 12 10 0.83 Hormone metabolism, abscisic acid/auxin/brassinosteroid/cytokinin/gibberelin/salicylic acid
23 9 9 1.00 Nucleotide metabolism, synthesis/degradation/salvage/phosphotransfer and
pyrophosphatases/deoxynucleotide metabolism
9 1 15 15.0 Mitochondrial electron transport / ATP synthesis, NADH-DH/electron transfer
flavoprotein/cytochrome c reductase/cytochrome c/cytochrome c oxidase/F1-ATPase
3 7 7 1.00 Minor CHO metabolism, others/raffinose family/trehalose/myo-inositol/callose/sugar kinases/galactose
21 4 10 2.50 Redox, thioredoxin/ascorbate/glutaredoxins
8 5 7 1.40 TCA / org transformation, TCA/other organic acid transformatons
4 4 5 1.25 Glycolysis, cytosolic branch/plastid branch
2 4 1 0.25 Major CHO metabolism, synthesis.starch/ degradation.starch
18 3 2 0.67 Co-factor and vitamine metabolism, molybdenum cofactor/lipoic acid/riboflavin/folate
19 3 2 0.67 Tetrapyrrole synthesis, glu-tRNA synthetase/protochlorophyllide reductase/heme
oxygenase/regulation/unspecified
7 3 1 0.33 OPP, oxidative PP
5 1 2 2.00 Fermentation, aldehyde dehydrogenase/PDC
12 2 1 0.50 N-metabolism, ammonia metabolism/N-degradation/misc
15 1 2 2.00 Metal handling, acquisition/binding
14 1 1 1.00 S-assimilation, AKN/APR
24 1 1 1.00 Biodegradation of Xenobiotics
32 0 2 Inf Micro RNA, natural antisense etc
6 1 0 0.00 Gluconeogenesis / glyoxylate cycle.Malate DH
22 1 0 0.00 Polyamine metabolism
25 1 0 0.00 C1-metabolism
For each MapMan category (BIN) the number of genes up-regulated in accession 3170 (“T”) and up-regulated in accession 3231 (“S”) is given. *(number of T-
calls)/(number of “S” calls); ratio<0.5 and ratio>2 is indicated in bold. See also Supplementary Table 3A. *BIN classification, 2nd level sub-BIN’s of a gene set are
listed separated by “/”).
CHO metabolism (starch synthesis, starch degradation), and the
oxidative pentose phosphate pathway (OPP).
MapMan was further used as tool for visualization. DTGs
related to primary metabolism are shown in Figure 4A.
Transcriptional differences were clearly visible for genes involved
in lipid synthesis, photosynthesis, glycolysis, TCA cycle, amino
acid synthesis and more. Up-regulated DTGs involved in
lipid synthesis/storage included those encoding acetyl-CoA
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FIGURE 4 | Functional analysis of DTGs in the comparison between accessions 3170 and 3231. Changes in transcript abundances of genes associated
with (A) primary metabolism and (B) regulation as generated by MapMan software. Blue (red) denotes transcripts more (less) abundant in accession 3170.
carboxylase (the first committed step in plastidial fatty acid
synthesis), few enzymes involved in subsequent steps in fatty
acid synthesis, oleosin 4 (a hydrophobic protein deposited on
the surface of the oilbodies) and lipid transfer protein 2.
As can be seen from Figure 4A, there was no clear evi-
dence for the activation of the entire pathway controlling fatty
acid synthesis. Photosynthesis-related DTGs are summarized in
Supplementary Figure 2, where transcript abundance in high-oil
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accession was higher for genes encoding chlorophyll binding
protein, various subunits of photosystem I and II, electron trans-
porters and several enzymes within the Calvin cycle. Within
the category energy metabolism (Supplementary Figure 3),
up-regulated DTGs encoded fumarase1, succinyl-CoA ligase,
pyruvate dehydrogenase E1 α and several components of
the electron transport chain complex. With respect to the
upstream pathway of glycolysis, there were several up-regulated
DTGs encoding glycolytic enzymes, such as phosphoenolpyru-
vate carboxylase kinase, cytosolic glucose-6-phosphate iso-
merase, phosphoglucomutase and phosphoglucosamine mutase,
while the down-regulated DTGs in this category included
those encoding UDP-glucose pyrophosphorylase, phosphoglu-
comutase, phosphoglyceromutase, UDP-glucose pyrophosphory-
lase and phosphoglygerate/bisphosphoglycerate mutase. Thus, it
appeared that only specific steps in the glycolytic pathway (rather
than the pathway in its entirety) were differentially regulated in
the high lipid accumulating accession.
The presence of DTGs within the MAPMAN category
“regulation” provided some leads to explain the contrasting
metabolic phenotypes of the accessions (Figure 4B). There were
numerous DTGs encoding components of protein modifica-
tion/degradation, receptor kinases, G-proteins and calcium reg-
ulators, which all suggest differences between the accessions at
the level of post-transcriptional regulation and signal trans-
duction. The abundance of 110 transcription factor transcripts
varied between the two accessions. The transcription factor
Wri1 has been identified as a major controlling agent over the
transcription of genes involved in fatty acid and storage lipid
synthesis (Baud et al., 2009; Maeo et al., 2009). A Wri1-like
sequence was about 32 fold more abundant in high-oil acces-
sion. Nevertheless, this sequence did not fall into the positive
DTG category because its absolute abundance was too vari-
able and rather low. When its transcription level was checked
using qPCR, it was however confirmed to be up-regulated in
high-oil accession (Supplementary Figure 1B). The functional
significance of Wri1 up-regulation remained obscure, as several
of its potential targets were up-regulated (At3g02630, At4g01900,
At5g46290, At5g15530, At1g01090, At2g38530) while others were
down-regulated (At5g16390, At5g16240, At2g30200, At5g40610)
in high-oil accession.
CORRELATION OF DIFFERENTIAL TRANSCRIPTION WITH FLUX
RESPONSE
In the bna572+ metabolic model, 966 Arabidopsis genes map to
545 reactions. 860 of these genes where found in the B. napus
transcript annotations. Supplementary Table 3B merges reac-
tion level information from simulation of the two accessions in
bna572+ with reaction level information on differential tran-
scription. The gene-level significance calls were further inte-
grated with highest stringency, i.e., by defining conflicting calls
on the gene level as altogether non-significant on the reac-
tion level. Accordingly, 45 and 82 reactions were called “T”
and “S,” respectively (Table 1). Finally, 23 reaction level “T”
calls coincide with unambiguous “T” responsiveness in the
flux data. Only 5 reaction level “S” calls coincide with “S”
responsiveness (Table 3). According to our data, reaction #95
(H_PYR_sym_c_p) is up-regulated in the high-oil accession,
which agrees with increased pyruvate import into the plastid
(flux is TAG responsive). Since low-oil accession has higher lev-
els of starch, the up-regulation of reaction #344 (starchsynth_p)
makes sense. In similar to the genes associated in bna572+ to the
starch synthesis reaction, the “S” calls under MapMan classifica-
tion 2 (Table 2) also indicates up-regulation of starch in low-oil
accession.
The generic photon uptake flux in reaction #6 (Ex_ph_t;
not associated to any gene) is found TAG responsive. Note
that the embryo culture experiment of the two accessions took
place in parallel under the same light conditions. However, this
observation might be explainable considering the indication of
up-regulation of photosynthetic genes in the high oil accession
(Table 2). This suggests that high oil accession have more abun-
dant components of the photosynthetic apparatus, in particular
light harvesting and electron transport. Of the 29 cases of gene
“T” upregulation for MapMan category PS (Table 2), 22 are
under sub-category “lightreaction.” Up-regulation of the OPP
might be associated with the low oil phenotype in accession 3231
(Table 2). Half of the altogether 27 reactions listed in Table 3
(284, 294, 295, 312, 318, 320, 333, 335, 337, 340, 348, 355, 357,
361) are TAG responsive and associated to the biosynthesis of 7
amino acids (Val, Leu, Ile, Trp, Phe, Tyr, His). In the bna572+
model, these amino acid biosynthesis reactions are stoichiomet-
rically coupled to protein synthesis reactions. According to the
biomass constraints (see Table 1 in the accompanying paper Hay
et al., in press) the protein content in model 3170 is only slightly
higher than for 3231.
VISUALIZATION OF TRANSCRIPT/FLUX COUPLES SHOW LARGELY
DISCORDANT PATTERN
The metabolic network derived from the bna572+ model com-
prised 515 nodes, with some model reactions for metabolite
uptake and secondary pathways having been excluded. This set
of reactions is shown as Figure 5, where reactions have been
grouped on the basis of categories and cellular compartments
in which they occur. Blue and red heat maps indicate signif-
icant differentially expressed transcripts, with change in tran-
script abundance being either in disagreement or agreement
with a change in flux magnitude, respectively. Thus, red ele-
ments indicate that the changes in both flux and transcript
abundance were congruent (in the same direction), while blue
ones indicate changes in the opposite direction. About a quar-
ter of the nodes contain DTGs, and are associated with several
central metabolism pathways including glycolysis, the TCA and
Calvin cycles, and fatty acid synthesis. The outcome of the anal-
ysis is that no single category shows a congruent fold change,
rather there was a mixture of congruent and opposed changes
in transcript abundance vs. flux changes. There were numerous
examples where multiple transcript IDs, all encoding the same
protein/enzyme, behave in an opposed way [examples are reac-
tion nodes r30 (sucrose synthase) and r35 (mitochondrial malate
dehydrogenase)]. The majority of metabolic reactions related
to plastidial fatty acid synthesis showed opposed fold changes
(as indicated by blue color in Figure 5), i.e., higher metabolic
flux in high-oil accession but lower transcript abundance of the
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Table 3 | Twenty seven reactions for which change in gene expression correlates with difference in flux between accessions 3170 and 3231.
index Abbreviation; name Lower/upper flux Reaction level
bound responsiveness differential expression
26 PFK_c;phosphofructokinase N;S (S)()()()()*
55 RPI_p;ribose-5-phosphate isomerase T;T (T)()
93 PiC_c_m;phosphate carrier T;T ()()(T)
95 H_PYR_sym_c_p;pyruvate transport T;T (T)
252 ADEK_c;adenosine kinase T;T ()(T)
255 SHMT_c;glycine hydroxymethyltransferase T;T ()()(X)()()(TT)
284 ABUTsynth_p;acetolactate synthase T;T (T)()()
294 IPMDY_p;3-isopropylmalate dehydratase T;T (TT)()(X)(T)
295 IPMD_p;3-isopropylmalate dehydrogenase T;T (X)(T)()
312 ACLACsynth_p;acetolactate synthase T;T (T)()()
318 ASUCS_p;adenylosuccinate synthase T;T (T)
320 IMPsynth_p;IMP cyclohydrolase T;T (T)
333 Phesynth_p;arogenate dehydratase T;T ()()()()(X)(TT)
335 HOM_p;homoserine dehydrogenase T;T ()(TT)
337 AK_p;aspartate kinase T;T ()()(TT)()()
340 DHS_p;3-deoxy-7-phosphoheptulonate synthase T;T (TT)()()
344 starchsynth_p;starch synthase S;S ()()(S)(SSS)(SS)()()()()
348 PURH_p;phosphoribosylaminoimidazolecarboxamide formyltransferase T;T (T)
355 Glysynth_p;glycine hydroxymethyltransferase T;T ()()(X)()(T)()(TT)
357 IGLPS_p;indole-3-glycerol-phosphate synthase T;T ()(T)
361 Thrsynth_p;threonine synthase T;T ()(TT)
456 SUCLA_m;Succinate-CoA ligase (ADP-forming) T;T ()(T)()
458 GDC2_m;aminomethyltransferase S;S (S)
499 ACCase_c;acetyl-CoA carboxylase T;T (T)
541 PDHa_m;dihydrolipoyllysine-residue acetyltransferase S;S (S)(S)()
576 CMK_p;4-diphosphocytidyl-2-C-methyl-D-erythritol kinase 1 T;T (T)
621 DHCRed_c;7-dehydrocholesterol reductase T;T (TTTT)
Flux Variability Analysis for 3170 and 3231 (loopless algorithm) using flux ratios and flux constraints derived from 13C-Metabolic Flux Analysis. *transcript level
significance calls are aggregated at the gene level in parentheses. “(X)” means that no associated transcripts were found for an Arabidopsis gene identifier in
bna572+. See also Supplementary Table 3B.
respective genes encoding the enzyme proteins involved in this
pathway. The majority of metabolite transport reactions, medi-
ating the exchange of substrates between subcellular compart-
ments, did not show differential transcription (despite of changes
in flux in several cases), and thus the corresponding nodes
appeared empty. For one transport reaction (r93: mitochon-
drial Pi carrier) we found congruent change in both transcript
abundance and flux, but for several other ones opposed changes
(r67: mitochondrial oxaloacetate/succinate antiporter; r73: mito-
chondrial malate/oxaloacetate antiporter; r76: plastidial gluta-
mate/malater antiporter; 84: plastidial glucose-6-P/Pi antiporter).
All of the respective transporter-mediated fluxes were elevated in
the high-oil accession.
Overall, there is little evidence for a scenario where a positive
fold change of one data domain (transcript) is leading to a cor-
responding fold change in the related data domain (flux). The
inevitable conclusion was that transcript abundance on its own
cannot be used to infer metabolic activity/fluxes.
For further data exploration, the data mapping
file used to generate Figure 5 has been provided in
Supplementary Material File 1 (Mapping_transcript_vs._flux.
gml). After installing VANTED software (http://sourceforge.net/
projects/vanted/), the ViewData-Addon can be readily installed,
using the addon manager implemented in VANTED—this
feature will enable the user to browse details of the data contained
within each node. For example, it allows to easily explore multiple
mappings by listing all of the Brassica transcript IDs that are
related to one model reaction ID (Supplementary Figure 4A).
We also provide a mapping file (Supplementary Material File 2:
frame.gml), which in addition to the data in Figure 5 provides
information on the direction of the fold change of the flux values:
red frame color indicates an increase of flux in the high-oil acces-
sion and a blue frame color a decrease of flux in accession. Such
representation can further support data exploration as exempli-
fied with the node element “r84” (Supplementary Figure 4B).
This node represents the plastidial glucose-6-P/Pi antiporter. The
mapping shows an opposed fold change of transcript abundance
and flux, and the red frame color indicates an increased activity
of this transport reaction in the high-oil accession (vs. 3231).
The latter would be expected because the encoding genes (GPT1
[AT5G54800] and GPT2 [AT1G61800]) are known targets of the
transcription factorWri1, which generally favors oil storage.
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FIGURE 5 | The central metabolism, showing relevant reactions and
transporters as nodes. The heatmaps within each node correspond to
differentially transcribed Brassica transcript IDs encoding enzymes/proteins
related to the node’s reaction. Red elements indicate a congruent fold change
in both flux and transcript abundance, while blue ones indicate an opposed
fold change.
DISCUSSION
Flux control in the central plant metabolism can be achieved by
transcriptional regulation, among other ways. The aim of this
study was to explore the correlation between metabolic flux and
transcription on a genome-wide basis. The starting point was to
select a pair of oilseed rape accessions contrasting in seed lipid
accumulation: the mature seed lipid content of accession 3170
differs by some 3% from that of accession 3231 (Figure 1). This
feature is also found in embryos cultured in vitro (see compan-
ion paper by Hay et al., in press). As the in vitro system enabled
a steady state 13C-MFA, it provided an ideal platform for explor-
ing the fluxome to provide the data necessary to compare with
the more readily available transcriptomic and metabolomic data.
A further advantage of the in vitro system was that it allowed the
materials to be exposed to a well-controlled and identical growing
environment, thereby avoiding the complication of interference
due to environmental variation, while the use of embryos isolated
from the seed coat/endosperm excluded any differential influence
of maternal genotype.
The quantification of metabolites showed that the relative
contribution of the dominant intermediates was rather similar
between the two accessions, while some of the minor components
(related to redox and energy metabolism) were quite distinct
(Figure 2). The comparison of flux vs. metabolite level indicated
that only for the minority of the reactions where flux changes
were evident was a corresponding shift observable in the level of
the relevant enzyme substrate or reaction end product (Figure 3).
One obvious reason why this level of correlation was so low may
be that it was not technically possible to define the sub-cellular
distribution of metabolites. For example, a relationship between
the pool size of acetyl-CoA (the precursor of fatty acid synthe-
sis) and flux into fatty acids/TAG was expected (Rolletschek et al.,
2005a,b), but not observed. The lack of correlation could be
explained if it were the case that the plastidial levels of acetyl-
CoA were rather low (with most of the analyte being held in
the cytosol). It has been noticed that even modest changes in
flux can markedly alter metabolite abundance (Williams et al.,
2008), simply because the levels of most metabolites present
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represent only a very small fraction of the biomass. The conclu-
sion is that the detection of metabolite abundance in the seeds of
different oilseed rape accessions (and possibly the same applies
for other species/tissues) using standard analytical techniques
does not permit easily identifiable changes/perturbations in the
flux map.
The transcriptomic analysis identified a few thousand puta-
tive DTGs, many active in the central metabolism. Some encoded
TCA cycle enzymes, which chimed with the observed changes in
both metabolite abundance and metabolic flux (Figure 3). The
transcriptional activation of mitochondrial pyruvate dehydroge-
nase in high-oil accession may help to stimulate the production
of acetyl-CoA and thereby encourage the elongation of fatty acids
in the cytosol (Schwender and Hay, 2012), and so eventually
enhance the deposition of lipids in the developing seed (Marillia
et al., 2003). Additionally, a stimulated ATP/NADH synthesis may
be needed by high-oil accession to support its higher rate of lipid
synthesis, a process having a much higher energy demand than
starch synthesis (which is more active in accession 3231). A fur-
ther observation was the higher abundance of photosynthesis-
related gene transcripts, which may help to increase the rate of
CO2 fixation, to provide additional ATP/NADH and eventually
to contribute to the light-dependent regulation of fatty acid syn-
thesis (Borisjuk et al., 2013a). Notably, differential transcription
analysis identified several genes related to the category “redox,
thioredoxin/ascorbate/glutaredoxins” (Table 2) which coincided
with significant changes in redox couples (Figure 2). It is tempt-
ing to speculate that the more oxidized state in high-oil acces-
sion reflects the higher demand for reducing equivalents in the
high-oil phenotype.
Apart from DTGs’ direct effect on metabolic activity, a large
number of transcripts were involved in post-transcriptional reg-
ulation/signal transduction (Figure 4B). Some of these genes
are associated with some very fundamental physiological pro-
cesses, such as cellular differentiation, cell elongation, and protein
turnover. Such processes can substantially affect local oil accu-
mulation in the developing oilseed rape embryo (Borisjuk et al.,
2013b), and thus may contribute materially to the difference
between the high and low lipid accumulator phenotype observed
in this study.
The glycolytic pathway, regarded as the heart of central
metabolism, since it provides precursors and supplies a number of
synthetic processes, provided several examples of opposed tran-
scriptional regulation of certain enzymatic steps. Notably, there
was no indication that the downstream pathways involved in fatty
acid synthesis or TAG storage were transcriptionally activated in
the high seed lipid accumulating accession. Rather the opposite
was the case, given the numerous negative correlations established
between transcript abundance and flux within the plastidial (and
cytosolic) fatty acid synthesis pathway (Figure 5). This finding is
reminiscent of recent studies in oleaginous microalga (Li et al.,
2014), and also corresponds to earlier comparative studies of
plants/tissues contrasting for stored lipid accumulation (Bourgis
et al., 2011; Troncoso-Ponce et al., 2011). The general impli-
cation is that the corresponding central metabolic reactions -
from sucrose breakdown to TAG accumulation, and including all
top TAG-responsive reactions (Schwender and Hay, 2012)—are
unlikely to be controlled at the transcriptional level. Instead,
post-transcriptional mechanisms might come into play. A vari-
ety of signals/metabolites (e.g., acyl-CoA, acyl carrier protein) can
allosterically inhibit plastidic acetyl-CoA carboxylase and fatty
acid biosynthetic enzymes, and can thereby regulate fatty acid
synthesis (Andre et al., 2012). Many metabolite translocators are
post-translationally modified, affecting their transport activity
and eventually the provision of precursors for biosynthesis of fatty
acids, amino acids, starch and other compounds (Walley et al.,
2013). Allosteric feedback control is a prominent motif in the
glycolytic pathway and the TCA cycle of plants (Plaxton, 1996).
Metabolite-based control circuits are also common in other
species including microorganisms, as recently demonstrated for
Escherichia coli (Kochanowski et al., 2013). Tang et al. (2012)
demonstrated that reactions of fatty acid biosynthesis in Brassica
seeds have rather low metabolic control on oil accumulation.
We believe that the poor correlation between transcript data
and metabolic fluxes found here for central metabolism of
B. napus has biological significance. Similar lack of correlation
has been found for prokaryotic and eukaryotic microorganisms
(Daran-Lapujade et al., 2004, 2007; Chubukov et al., 2013).
Despite the progress in genome scale metabolic reconstructions
and next generation sequencing, there are complex functional
layers between transcript and flux that make the use of tran-
script data to predict fluxes at best challenging (Hoppe, 2012).
Central metabolism must be controlled to a large extent via
post-transcriptional mechanisms. Tight transcriptional control of
central metabolism might not be sufficient and/or could even be
disadvantageous for an organism. In fluctuating environments
(which is commonplace), input flux is continuously changing.
Hence, high metabolic flexibility and fast responses are an abso-
lute requirement for stability of vital central metabolism pro-
cesses. For example, (diurnally) varying supply rates of assimilates
need fast and energetically efficient means of metabolic adjust-
ments. Fast responses are especially needed in energymetabolism,
where ATP depletion would cause rapid cell death. We hypoth-
esize that allosteric and other post-translational control mech-
anisms constantly re-adjust the central metabolic activities to
maintain a steady state. Transcriptional control would be too
imprecise and/or too slow given the fact that the peak catalytic
activity of most enzymes of central metabolism is considered as
being well above the necessary pathway flux (Morandini, 2009).
This does not exclude that transcriptional control is involved
in regulating input or output of the metabolic network which
certainly can set the magnitude of flux.
In conclusion, this genome-wide study has revealed a remark-
ably low level of connectivity between transcript abundance and
metabolic fluxes. With few exceptions (e.g., starch metabolism),
in vivo enzyme activity/fluxes for example in glycolysis and the
TCA cycle were not correlated with transcript abundance. The
likelihood therefore is that fluxes in the central metabolism of
the oilseed rape embryo are primarily under post-transcriptional
control. Further research is clearly required to assess the con-
tribution of translational efficiency, post-translational protein
modification and allosteric control to the regulation of central
metabolism pathways. Of course, it remains to be seen whether
our conclusions have broader applicability beyond the biology of
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developing oilseeds. Recent observations in a number of micro-
bial systems found similar discrepancies between fluxes in the
central metabolism and transcript levels, and highlighted the
involvement of post-translational control mechanisms (Daran-
Lapujade et al., 2004, 2007; Oliveira et al., 2012; Chubukov et al.,
2013). We conclude that transcript profiling can help to define
stage- or tissue-specific metabolic capability, but has only limited
value as an indicator of metabolic fluxes in central metabolism.
This limitation needs to be borne inmind in evaluating transcrip-
tome data, designing metabolic engineering experiments and
when attempting to correlate temporal (diurnal) transcript level
variation with metabolic activity. An important aim for the future
should be the promotion of MFA, in particular the development
of experimental protocols and tools more easily applicable to
diverse plant species/organs as well as in vivo conditions (rather
than in vitro approaches).
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abstract
Supplementary Video 1 | Three-dimensional distribution of total lipid in
mature seeds of oilseed rape accession 3231 (above) and 3170 (below).
High local lipid concentrations are indicated by yellow/red color while low
levels are indicated in blue. Data were acquired using magnetic resonance
imaging.
Supplementary Figure 1 | Validation of DTG assignment by RNA-Seq
using qPCR. (A) qPCR analysis of four positive (higher abundance in
accession 3170) and four negative (lower abundance in accession 3170)
DTGs. (B) qPCR analysis of contig23563 (annotated as wrinkled1),
indicating an approximately two fold higher abundance in accession 3170.
Asterisks indicate statistically significant (p < 0.01, t-test) differences in
abundance in the two accessions.
Supplementary Figure 2 | MapMan visualization of changes in
transcription levels of genes associated with photosynthesis in the
cultivated embryo of accessions 3170 and 3231. Blue (red) denotes
transcripts more (less) abundant in accession 3170.
Supplementary Figure 3 | MapMan visualization of changes in
transcription levels of genes associated with the TCA cycle and the
mitochondrial electron transport chain in the cultivated embryo of
accessions 3170 and 3231. Blue (red) denotes transcripts more (less)
abundant in accession 3170.
Supplementary Figure 4 | Screenshot of the VANTED software.
(A) ViewData panel, showing Brassica transcript IDs mapped to the model
reaction r35. The reaction IDs are shown, along with information regarding
the congruent or opposed change for each transcript ID. (B) When loading
Supplementary Material File 2 (frame.gml), the mapping shows an
opposed fold change of transcript abundance and flux for reaction r84
(plastidial glucose-6-P/Pi antiporter), and the red frame color indicates an
increased activity of this transport reaction in the accession 3170 vs. 3231.
Supplementary Table 1 | List of primers used in qPCRs.
Supplementary Table 2 | The set of measured metabolites in the high lipid
accumulator accession 3170 and the low lipid accumulator accession
3231. Values are given in the form nmol g−1 dry weight, and represent the
mean ± standard error (n = 3). Asterisks indicate statistically significant
(p < 0.05; t-test) differences in abundance in the two accessions.
Supplementary Table 3 | Detailed representation of data derived from the
13C-MFA and flux variability analysis, and their relation to differentially
transcribed genes (DTGs).
Supplementary Table 4 | Complete list of transcripts identified in the
embryos of accessions 3170 and 3231. (A) Normalized transcript
abundances, differential fold levels and functional annotation. (B) GO term
assignation/enrichment analysis.
Supplementary Material File 1 | Mapping_transcript_vs._flux.gml (to be
used for data mapping/exploration in VANTED).
Supplementary Material File 2 | frame.gml (to be used for data
mapping/exploration in VANTED).
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